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Abstract: Explainable artificial intelligence (XAI) can make

machine learning based systems more transparent. This

additional transparency can enable the use of machine

learning in many different domains. In our work, we show

how XAI methods can be applied to an autoencoder for

anomaly detection in a sensor-based sorting system. The

setup of the sorting system consists of a vibrating feeder,

a conveyor belt, a line-scan camera and an array of fast-

switching pneumatic valves. It allows the separation of

a material stream into two fractions, realizing a binary

sorting task. The autoencoder tries to mimic the normal

behavior of the nozzle array and thus can detect abnormal

behavior. The XAI methods are used to explain the out-

put of the autoencoder. As XAI methods global and local

approaches are used, whichmeans we receive explanations

for both a single result and the whole autoencoder. Initial

results for both approaches are shown, together with possi-

ble interpretations of these results.

Keywords: autoencoder; explainable artificial intelligence;

sensor-based sorting.

1 Introduction

Machine learning and artificial intelligence (AI) are solving

problems and challenges from different domains in high

quality. In particular, deep learning, such as neural net-

works, have been shown to achieve state-of-the-art perfor-

mance on awide range of applications [1–3]. However, these
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models are considered black-boxes because of their com-

plex internal structure of the network. That means, a user is

not necessarily able to understand how themodels generate

the results. In order to strengthen the trust in the models,

transparency is needed. This will improve the acceptance

and thus enable the usage in productive environments.

Explainable artificial intelligence (XAI) is one possibility to

give insights into complexmodels, thus supporting develop-

ers and end-users in their actual work.

An increasingly important prerequisite for real-world

applications supported by AI is the ability to describe com-

plex mathematical functions in predictive models in a way

that is understandable to humans [4], e.g., in order to fulfill

regulatory obligations. This promotes trust and acceptance

of AI processes. One such real-world AI application that is of

interest to us is sensor-based sorting. Sensor-based sorting

is an established technology in many industrial fields, with

growing importance for the physical sorting of materials

using sensor technology. Besides its application for sorting

of foodstuffs and agricultural products, industrial minerals,

and quality assurance in production processes, it is consid-

ered a key technology for achieving a circular economy [5].

Hence, quality control of sensor-based sorting systems

themselves is necessary to ensure the production of high-

quality material streams and also to prevent systems from

damage and defects.

The necessity of quality control in sensor-based sorters

has led to the development of AI models for the task of

anomaly detection. However, the major drawback for the

acceptance of such anomaly detection models is the lack

of transparency. The models are able to detect anomalies

in the system, but fail to provide the reason behind their

decisions. Hence, tomake the decisions of suchmodelsmore

interpretable, we employ XAI methods. That means, in this

work, we show how XAImethods increase the transparency

of AI systems being utilized to detect anomalies in sensor-

based sorting systems and give insights into the reasoning

behind the AI decisions.

The structure of the paper is as follows: In Section 2,

state-of-the-art XAI methods on time-series and unsuper-

vised models are reviewed. The foundation towards sensor-

based sorting systems, anomaly detection, selected XAI

methods, and the pipeline for generating XAI explana-

tions on an unsupervised model are described in Section 3.

Section 4 provides an experimental setup used for sorting
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systems, anomaly detection, and explanation after which

the initial results of the experiment are illustrated. Finally,

we conclude in Section 5 with a short outlook for possible

future work.

2 State of the art – explainable

artificial intelligence

In this section, the relevance of XAI in general is highlighted.

Furthermore, the applicability of XAI to time-series data as

well as unsupervised models is described.

In recent years, machine learning, in particular deep

learning, has become increasingly successful in sectors such

as healthcare, automotive, production, etc. [6]. However,

the resulting systems are often opaque and thus, consid-

ered black-box models [1–3]. Hence, in order to be used

and accepted in an actual productive environment, there

is the need to build trust into the models. Therefore, it is

vital to understand why a model makes certain predictions.

This can be accomplished either with the help of XAI or

creatingmodels that are inherently interpretable in the first

place. XAI models provide a balance between performance

and interpretability over inherently interpretable mod-

els, allowing us to use advanced AI techniques while still

maintaining a level of transparency and accountability [7].

Hence, this study focuses on the former case.

2.1 XAI on time-series

Since most of the data in the production domain are

obtained from sensors periodically, they can be consid-

ered as time-series. This implies that the applicability of

XAI on time-series data is necessary. The majority of XAI

approaches are very focused on tabular, images, and text

data [8]. However, Schlegel et al. presented in [8] that XAI

approaches, like local interpretable model-agnostic expla-

nation (LIME) and Shapley additive explanations (SHAP)

(see Section 3.3), also work well on univariate time-series.

Similar to Schlegel et al. [8], Veerappa et al. also illustrated

in [4] that XAI approaches, which were initially developed

for images, text, and tabular data, can be used for multi-

variate time-series. Similarly, Burkart et al. demonstrated in

[9] how existing approaches can be applied to multivariate

time-series data. Their main objective is to make the super-

vised black-box model transparent and understandable to

the user.

Another study of XAI on time-series [10] describes a

methodology to apply interpretable association rule mining

approaches on time-series data. The authors explore and

evaluate different interpretable rule mining approaches to

mimic the behavior of the supervised classification model.

Further, a thorough overview of the various meth-

ods applied in the field of explainable supervised machine

learning is provided in a survey by Burkart and Huber [11].

On the one hand, they present a structured overview of XAI

approaches to supervised classification problems. On the

other hand, they showcase the need for an assessment of

explainability.

In the production domain, Sofianidis et al. [12] pre-

sented an overview of XAI techniques to increase the

transparency of AI models. They classified different XAI

techniques based on the explanation generating mecha-

nism, the type of explanation, the scope of explanation,

etc., as well as different metrics based on fidelity, unambi-

guity, etc., for their evaluation. Overall, they come to the

conclusion that the integration of XAI into the production

domain or manufacturing processes will be paramount for

the transition into the fifth industrial revolution.

2.2 XAI on unsupervised models

The majority of the studies listed above is highly focused on

supervised models. Supervised models [13] are trained with

a dataset consisting of labelled data points, being a combina-

tion of a set of features and an associated target label. In our

work, we employ an unsupervised model (model trained

without target labels) for anomaly detection in a sorting

system. An autoencoder, a type of an artificial neural net-

work used to learn efficient encodings in an unsupervised

learning process, is utilized for this task. This implies that

the relevance of XAI on unsupervised models—specifically

an autoencoder—is essential. For this purpose, Friedman

Antwarg et al. proposes a methodology in [14], where XAI

methods such as KernelSHAP can be used to make an unsu-

pervised black-box model transparent. This methodology

explains the anomaly detected by an autoencoder by pro-

ducing one explanation per single instance, making this

approach local. In contrast, Gnoss and Tropmann-Frick [15]

propose a global approach that can be applied to unsuper-

vised models as well. This approach produces both a local

explanation as well as a global one.

According to another study [16], the decisions of an

unsupervised model such as autoencoder for computer

anomaly detection can be explained and further improved

using an existing XAI method like KernelSHAP. The authors

demonstrated that with the help of XAI, they were able to

explain or interpret the results of an autoencoder model

while simultaneously improving the overall performance of

the model.
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3 Foundations

In this section, the used sensor-based sorting system,

autoencoder for anomaly detection, and XAI methods are

introduced. First, the functional principle of sensor-based

sorting is illustrated. Afterwards, a brief description of the

components of autoencoders is given. Next, the XAI termi-

nology is explained. Lastly, the adapted XAImethods for our

application are described in detail.

3.1 Sensor-based sorting

State-of-the-art sensor-based sorting systems are used to

classify individual particles in a material stream and phys-

ically separate the material feed into predefined classes. A

common task is to remove low-quality entities from a mate-

rial stream. Possible applications include quality control in

production processes, the agricultural and food sector, min-

erals processing, and pre-treatment processes for recycling,

such as sorting of plastics and construction and demolition

waste.

A schematic overview of a sensor-based sorting system

is shown in Figure 1. Bulkmaterial particles are transported

on a conveyor belt, preferably normally distributed along

the belt width. After discharge from the belt, the particles

pass the inspection line and are detected by one or multiple

sensors. The sensors are selected on the basis of the specific

sorting task. Usually, the systems utilize line-scanning sen-

sors. The acquired image data is processed with the goal to

localize and classify individual objects.

The classification result serves as the basis for the sort-

ing decision. Fast-switching pneumatic valves are lined up

in an array orthogonal to the main transport direction of

the conveyor belt. In this array, individual nozzles can be

activated to eject individual particles. Assuming a constant

speed of the bulk material due to the transport with the

conveyor belt, a fixed delay time between detection and

Figure 1: Illustration of a sensor-based sorting system consisting of a

conveyor belt and a line-scan camera.

ejection can be set. The number of activated nozzles as well

as the duration of activation depends on the detected object

size.

The sorting quality achieved depends primarily on the

classification accuracy of the bulk material objects and the

correct physical ejection. Especially, the timing and the accu-

racy of the separation can be influenced and optimized by

software with the help of several parameters depending on

material and setup.

3.2 Anomaly detection using autoencoder

Anomaly detection [17, 18] based onmachine learningmeth-

ods means to obtain a model that captures the normal

behavior trained from positive i.e. anomaly-free data and

testing it on test data (data that is not covered by the training

dataset) to check if the trainedmodel fits the test data or not.

If the test data is inconsistent with the trained model, this

means that an anomaly is detected. One popular approach is

utilizing dimensionality reduction techniques for anomaly

detection. The basic assumption is that the input variables

are correlated with each other and the machine learning

model can be used to embed this data into a lower dimen-

sional space, where normal and abnormal data appears to

be significantly different [18]. There are several methods

for dimensionality reduction available, whereas the most

known are PCA and kernel PCA [19] and autoencoders [20]

as recent dimensionality reduction technique.

Basically, autoencoders are artificial neural net-

works [21], whose output is aimed to be a reconstruction

of its input. The architecture is set as such, that between

the input layer and the output layer, there is a bottleneck

or representation layer with less neurons compared to

its input size [20]. An autoencoder can be split into an

encoder and a decoder part. In general both the encoder

and the decoder can be build with multiple hidden

layers. Within the encoder, the input vectors xi ∈ ℝd are

reduced to dimension m with m≪ d neurons to build the

representation. Within the hidden layers, the activation

ai ∈ ℝ of the neuron i is defined in [21] as

ai = 𝜎

(
n∑
j=1

𝑤 ja j + b

)
(1)

with 𝑤 ∈ ℝn weighing the inputs of the neuron, b ∈ ℝ the

bias, and 𝜎 the (non-)linear activation function. Since m≪

d, the input vector is encoded to a lower-dimensional space.

The decoder takes the representation layer and reconstructs

the original space resulting in the output vector x′
i
∈ ℝd. The

hidden layers in the decoder are defined in the same way as

for the encoder. As noted before, the aim of an autoencoder
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is to minimize the difference between original input and

its reconstruction. This difference is called reconstruction

error 𝜖 ∈ ℝ, which is computed using the euclidean dis-

tance [22]:

𝜖 =
√(

xi − x′
i

)T
⋅
(
xi − x′

i

)
. (2)

The inputs are then labelled based on the reconstruc-

tion error: if 𝜖 is greater than a threshold value, then

the input is labelled as “Anomaly”, otherwise as “Normal”.

The threshold value can either be defined by an expert

or derived by taking the average of all reconstruction

errors.

3.3 Explainable artificial intelligence
methods

As mentioned before, machine learning (including deep

learning) based systems deliver excellent results in many

areas [23]. However, the complex models such as DNNs,

SVMs, etc., are considered as black-boxes, as their inter-

nal workings are difficult to understand. While delivering

outstanding results, these models do not provide explana-

tions (or an explanation) for their predictions. In order to

strengthen a potential user’s trust in the models, XAI meth-

ods can be used.

XAI methods can be distinguished on the basis of vari-

ous criteria [24]:

Model-specific interpretability: The XAI method is

only compatible with certain prediction models. That is,

these techniques each apply to a single type of machine

learning model because they depend on the internal struc-

ture of that model. The benefits of using model-specific

methods include enabling us to gain a deeper understand-

ing of the decision by revealing the internal workings of

the model on the one hand and the ability to build more

specialized explainable models on the other hand. How-

ever, the drawback of such models is that the performance

of the model is compromised since the model’s structure

must be entirely overhauled in order to reconstruct or

retrain the model itself. Model-specific methods are thus

preferred in use cases where the model’s performance is

not crucial.

Model-agnostic interpretability: The explanatory

component and the machine learning models are

independent from each other. That is, they do not take

into account the internal structure of the model. As Ribeiro

et al. have described in [25], this approach offers a great

advantage: flexibility. This means that these techniques can

be applied to any model. Further, these methods will not

affect the performance of the model as they do not require

retraining the model. Model-agnostic methods are thus

preferred on high-performing, but complex models which

are often referred to as black-box models.

The focus of this paper is on the development and inves-

tigation ofmodel-agnostic methods, as these allow for faster

adaption to newmachine learningmodels. XAImethods can

also be classified based on their scope into local and global

explanations as shown in Figure 2 [24]:

Local explanations describe a single predictive out-

come over the entire model. Thus, the conditional inter-

actions between dependent and independent variables are

explained in terms of a single prediction that takes into

account the surrounding feature space. In essence, they

illustrate how the outcomes of the model (e.g., predictions)

change when the values of specific features change within

the surrounding feature space.

Global explanations describe the behaviour of the

entire model, such as the weight of the features, i.e., the

conditional interactions between dependent and indepen-

dent variables are explained over the entire dataset. In

essence, they provide a complete view on theworking of the

model, e.g., through listing the features that determine the

outcomes of the model.

Often usedmethods for explaining neural networks are

either saliency or feature attribution methods [24]:

Saliency methods: These methods are well suited to

visualise important regions within the network and also

weights that were crucial for the model to make a predic-

tion. The explanation, however, varies every time the pro-

cess is carried out, even for the same instance, whichmakes

it unreliable [26].

Feature attribution methods: These methods work

directly on a subset of the entire dataset in such a way to

find out the explanatory power (relevance importance) of

each input variable with respect to the target variable.

Due to the unreliability of saliency methods, our

focus in this study is on feature attribution methods for

Figure 2: Global and local explainability.
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generating explanations. In the following, the adapted XAI

explainers for our application are described.

3.3.1 Shapley additive explanations (SHAP)

SHAP [27] is a model-agnostic local approach for generating

explanations. It can be used for explaining the prediction of

any model by computing the contribution of each feature to

the prediction. Essentially, it is derived from the concepts

of cooperative game theory. The field of cooperative game

theory explains and reasons about the fair distribute of

rewards among cooperating players.

One of the main components of the SHAP method is a

game theoretic concept called “Shapley value”, developed

by Shapley [28] in order to be able to assess the influence

of a player to form coalitions. According to game theory,

any “strategy” combination that all “players” agree upon

is accompanied by some sort of “reward”. To apply this

method to the explainability of machine learning methods,

the following analogies are made: the results of the pro-

cedures correspond to the “strategies”, the “players” are

the features, and the “reward” is the quality of the result.

Similar to how the Shapley value identifies a player’s con-

tribution to the game, SHAP identifies a feature’s impact on

the overall prediction.

The SHAP value is then defined as theweighted average

of the marginal contributions over all possible |F|! coali-
tions [24] according to

𝜙i =
∑

S⊆F∖{i}

|S|!(|F|− |S|− 1)!|F|! [ f (xS∪{i})− f (xS)], (3)

where𝜙i is the Shapley value for feature i, F the set of all fea-

tures, S a subset of F, f (xS∪{i}) is the model prediction with

feature i and f (xS) the model prediction without feature i.

It can be challenging to calculate SHAP values precisely,

because for a set of f features, 2 f subsets should be analyzed

for each feature in order to compute the SHAP values. This

results in exponentially longer run-times, when more fea-

tures are added. Therefore, SHAP approximates the original

model f (x) and generates an explanation model which is a

linear function of binary variables z′
i
:

g(z′) = 𝜙0 +
M∑
i=1

𝜙iz
′
i
= Bias+

∑
features contribution,

(4)

where g(z′) is a local surrogate model and 𝜙i illustrates the

contribution of each feature i to the prediction.

Depending on the specific use case, SHAP offers vari-

ous approximations. For our application, we employed two:

KernelSHAP and DeepSHAP. KernelSHAP is a combination

of Linear LIME [25] and SHAP, whereas DeepSHAP is a com-

bination of the DeepLift [29] and SHAP algorithms. Linear

LIMEandDeepLift are used to approximate the SHAPvalues

in order to linearise the non-linear elements of a neural

network.

3.3.2 Local interpretable model-agnostic explanations

(LIME)

In contrast to the SHAP method, LIME [25] explains individ-

ual predictions of black-boxmodels, by approximating them

locally with an interpretable surrogate model. The main

idea behind this method is that it tests how a prediction

changeswhen variation in the data is provided to themodel.

Additionally, it generates a new dataset with modified sam-

ples and corresponding predictions. Then on this dataset,

LIME builds amodel that is weighted according to how close

the sampled instances are to the instance of interest. This

process gives an idea of which feature has more influence

on the model’s prediction. LIME assumes, that a simpler

more transparent model can be used to explain the predic-

tion of a complex model locally.

In order to approximate the original model f , LIME

minimises the following objective function

𝜉(x) = argmin
g∈G

L( f , g, 𝜋x)+Ω(g), (5)

where g is an interpretable model from a set of Models G,

x is the original data instance, and 𝜋x is the proximity mea-

sure from all permutations to the original observation. The

L( f , g, 𝜋x) term represents themeasure of unfaithfulness of

g in approximating f in the locality defined by 𝜋. TheΩ(g)
term is a measurement of the model’s complexity regarding

an interpretable model g.

3.4 Applying XAI to an autoencoder

Since an autoencoder is an unsupervised machine learn-

ing model, as was explained in Section 3.2, feature attribu-

tion XAI techniques mentioned in Section 3.3 cannot be uti-

lized directly to explain the predictions of such a black-box

model. The feature attribution XAI techniques such as SHAP

or LIME always anticipate a black-box model to predict an

output in the form of prediction probabilities (in the case of

classification problem) or a number (in the case of regres-

sion problem). The prediction of an autoencoder, however, is

the best possible reconstruction of the input. This makes the

integration of XAI into an autoecoder challenging. Therefore
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we adapted the methodology proposed in [15] for our appli-

cation to explain anomalies detected by an autoencoder in

the sorting process.

The pipeline to generate XAI explanations on an unsu-

pervised machine learning model is shown in Figure 3. The

dataset of size N , described by

 = {(xi) ∣ xi ∈ }Ni=1 (6)

consists of the feature vectors xi ∈  with  being the

possible inputs. It is passed on to train an unsupervised

machine learning model, in our case an autoencoder. The

unsupervised model is denoted byM
𝜃
, where 𝜃 ∈ Θ are its

trained parameters. It is used to generate target labels yi ∈
 for the dataset by comparing the reconstruction error 𝜖

with a threshold. Thatmeans, if 𝜖 is greater than a threshold

value, then the input is labelled as “Anomaly”, otherwise as

“Normal”, as mentioned in Section 3.2. With this, we obtain

a labelled dataset′ of size N


′ = {(xi, yi)}Ni=1 . (7)

The input xi along with M𝜃
(xi) is then fed to the surro-

gate model, which is a supervised machine learning model

because of the presence of target labels. Here, the surrogate

model is again aNeural Network (NN), denoted byN
𝜌
, given

by its parameters 𝜌. The objective of this surrogate model is

to minimize the loss function L(𝜌,D′). This surrogate model

is then used to generate explanations using feature attribu-

tion XAI techniques described in Section 3.3. It is assumed

that the surrogate model gives high relevance to the same

features as the unsupervised model—autoencoder—when

approximating the decision behavior. The key benefit of

this approach is its dual capability of generating both

local and global explanations, which is an advantage not

offered by the approach proposed in [14]. Furthermore,

the pipeline illustrated in Figure 3 may be applied to any

unsupervised model, such as K-Means clustering, principal

component analysis (PCA), etc., making it a model-agnostic

solution.

4 Examined sorting system

At first, the experimental setup of sensor-based sorting sys-

tem, autoencoder, and XAI methods are described in this

section. Then we discuss the initial results of XAI methods.

4.1 Experimental sensor-based sorting
system

The sensor-based sorter used in the following investigation

is a laboratory-scale, modular version of a full sized indus-

trial sorting system. A thorough description is provided

in [30]. The setup is equipped with a line-scan color camera.

Additionally, it includes a vibratory feederwhich distributes

the bulk material on the conveyor belt. The conveyor belt is

set to run at a constant velocity of approximately 1 ms−1.

For separation, a nozzle array consisting of 32 individual

valves ismounted behind the conveyor belt. Eachnozzle can

be activated individually and operates at a gauge pressure

of 1.2–1.6 bar. The setup allows the separation of a mate-

rial stream into two different material streams, realizing a

binary sorting task.

During operation, a variety of different statistics about

the sorting process are collected, stored or output live via

available interfaces. The period of time duringwhich data is

accumulated is called the “StatisticInterval” and is initially

set to 5 s. One statistic, called “ValveBarActivation”, counts

howmany times the nozzles have been activated during the

set statistic interval. The result is a 32 dimensional array,

generated every 5 s.

For the sorting experiments, red brick particles are

separated from white sand-lime brick particles. The objects

have a size of 3–5 mm. The vibratory feeder is adjusted so

that an occupancy density on the conveyor belt of approx.

40% resulted. Three different scenarios are covered:

1. Normal condition: all objects are approximately equally

distributed on the conveyor belt.

2. Uneven distribution left and right: Due to incorrect

feeding, a skewed normal distribution of objects on the

conveyor occurs.

3. Throughput error: occupancy changes as more objects

fall on the conveyor belt.

An autoencoder is used to model the normal behaviour

(following the first scenario: normal condition) of the nozzle

activations by using the “ValveBarActivation” as an input.

4.2 Experiments and initial results

The experimental setup and initial results are presented in

this section. First, the setup used to carry out our exper-

iments is outlined, which includes the architecture of an

unsupervised NN as well as a surrogate NN. Thereafter, the

initial results of an autoencoder and its corresponding XAI

explanations are presented.
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Figure 3: Pipeline to generate XAI explanations on an unsupervised model.

4.2.1 Experimental setup

The real-world data was collected on the demonstrator

described above. The dataset consists of 605 samples, where

each sample has 32 features. These features basically repre-

sent the number of times the nozzles were activated under

the supervision of respective evaluation unit during the

sorting process (the “ValveBarActivation”). The goal here

is to detect anomalies specifically in the material feeding

during the sorting process using AI. For that purpose, the

aforementioned autoencoder is used. The network of this

model consists of layers such as normalizer, input, and mul-

tiple dense layers. Keras “Normalization” method is used as

a normalizer to make sure that the input features are on

a similar scale, which stabilizes the gradient descent step.

Mean squared error is used as a loss function and tanh

as an activation function in the three hidden layers. The

representation layer has 128 neurons, while the other two

hidden layers (one for the encoder and one for the decoder

part) have 256 neurons. The autoencoder model uses the

Adam optimization algorithm with a learning-rate of 0.001.

The available data is split into 85% for training and 15% for

testing.

The surrogate model is then trained with a training set

together with the target label derived from the reconstruc-

tion error of the autoencoder model. The network of the

surrogate model consists of the following layers: a normal-

izer (similar to the one in an autoencoder), three dense and

dropout combinations, and an output layer. The input to the

network depends on the number of features present in the

dataset, which is 32 in our case, the first dense layer has 16,

the second 8 and the last 4 neurons. A sparse categorical

cross-entropy is used as a classification loss function, tanh

as an activation function in the hidden layer and softmax

for the output. The surrogate model uses the Adam opti-

mization algorithm with a learning-rate of 0.001. The aim

is to approximate the decision behavior of an autoencoder

by classifying whether an input is an anomaly or normal.

The fidelity of the surrogate model also depends on the

threshold used for generating the labels. For the following

analysis, the fidelity is 0.86. This trained surrogate model

is then used to explain the predictions of an autoencoder
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using XAI techniques. To explain the output of the surrogate

model, the number of background samples for KernelSHAP,

DeepSHAP, and LIME was chosen as ∼257 (50% of training

set).

4.2.2 Explanation results

In order to analyze the local explanations of XAI methods,

let us consider a single instance or an observation from the

dataset as shown in Figure 4. The instance is of the form

(1, 32), which contains one sample with 32 features. The

features (directly corresponding to the nozzles) from 0 to 11

are represented by numbers greater than zero, indicating

that they were activated and the other input features are

set to zero, indicating that they were not activated, during

the sorting process. The autoencoder is used for anomaly

detection and its result for this instance is “Anomaly”, and

the prediction of a surrogate model is an “Anomaly” as

well with a prediction probability of 0.88. On a selected

observation, each of the XAI explainers produces a sin-

gle plot as a local explanation: a force plot in the case of

KernelSHAP and DeepShap, and a feature importance plot

in the case of LIME. These plots illustrate which features

had the most influence on the model’s prediction for a

single observation.

The output of the KernelSHAP explainer is shown in

Figure 5a. We can observe that the predicted value for

“Anomaly” is 0.88 and the corresponding base value is

0.24. The base value is “the average model output over the

training dataset that we passed”. The fractional values are

the amount of importance contributing towards the predic-

tion “Anomaly” by pushing the model output higher (red)

or lower (blue) from the base value. Here, red indicates

positive contribution towards the decision and blue indi-

cates negative contribution. The biggest impact comes from

the Feature 0, where its visual size indicates the magnitude

of the feature’s effect.

Similar local explanations are obtained from the

DeepSHAP and LIME explainers as shown in Figure 5b and

c respectively. According to the DeepSHAP explainer, the

major impact comes from Feature 0 and Feature 5, whereas

the LIME explainer indicated that the features such as

Feature 0 and Feature 4 are relatively dominant.

Further, in order to analyze the global explanations

of XAI explainers, we examine the entire training dataset

described in Section 4.2.1. For this analysis, KernelSHAP and

DeepSHAP are used for generating global explanations. The

output of both explainers (top 10 features) towards the

prediction class “Anomaly” are shown in Figure 6. It can

be seen that the outputs of both explainers are similar,

indicating Feature 0 has the most influence on the model

predictions followed by Feature 29 and Feature 30 for Ker-

nelSHAP and vice-versa for DeepSHAP. The follow-up fea-

tures consist of a combination of Feature 1, Feature 5,

Feature 10 and Feature 16.

However, it is to be noted that the feature importance

plot contains no information beyond the importances. It

does not, for instance, indicate the relationship between the

value of a feature and the impact on the model’s predic-

tion. For this purpose, a more informative plot such as a

summary plot is produced as shown in Figure 6c and d for

KernelSHAP and DeepSHAP respectively. Each point on the

summary plot is Shapley value for a feature and an instance.

The Shapley values are shown on the x-axis and features

along with their values are shown on the y-axis. The color

scale represents feature values from low (blue) to high (red).

The features are listed in descending order of importance.

Figure 4: Representation of a selected instance from the dataset.
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Figure 5: XAI local explanations for the prediction “Anomaly”. Here, features represent the nozzles that are activated and deactivated by the

respective sensor during the sorting process. (a) KernelSHAP explanation in the form of a force plot. (b) DeepSHAP explanation in the form of a force

plot. (c) LIME explanation in the form of a feature importance plot.

As can be observed from the summary plots of both the

explainers, features with higher value – such as Feature 0,

Feature 1, Feature 29, and Feature 30 – increase the predic-

tion towards anomaly whereas features with lower values

decrease it. This provides the first indications as to how the

value of a feature and its impact on the prediction relate to

one another. But to see the exact formof the relationship and

the dependencies between the features, we employ SHAP

dependence plots.

The dependency plot for Feature 0 and Feature 1 inter-

actions is shown in Figure 7. It can be seen that higher

values of Feature 0 with higher values of Feature 1 are

more likely to contribute towards the prediction class

“Anomaly” than lower values. One possible reason for that

is due to throughput error. More about this is discussed in

the Section 4.2.3. Similarly, the interactions between other

interesting features can be obtained using SHAP depen-

dence plots.

4.2.3 Discussion

According to the local and global explanations of XAI

explainers, the features ranging from 0 to 5 (nozzles in

the left corner), Feature 30 and Feature 29 (nozzles in the

right corner) have more influence on the prediction class

“Anomaly” than the rest of the features. This could be due

to the following reasons, as per our knowledge on sorting

mechanism and the analyzed scenarios:

– The conveyor belt, that carries the sorting materials

before sorting,may be inclined to one side, or the feeder

is not working correctly (which is why, for example,
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Figure 6: XAI global explanations for “Anomaly” predictions. Here, features represent the nozzles that are activated and deactivated by the respective

sensor during the sorting process. (a) KernelSHAP feature importance plot. (b) DeepSHAP feature importance plot. (c) KernelSHAP summary plot. (d)

DeepSHAP summary plot.

Figure 7: SHAP dependency plot for Feature 0 and Feature 1 interactions.

the selected instance (Figure 4) is considered as an

“Anomaly”, where only the nozzles from 0 to 11 are

activated) and thematerials are not equally distributed.

– This behavior could also indicate problems with the

sorting mechanism. For example, if some of the nozzles

fails to activate during the sorting process, then that

would cause abnormal behavior and would worsen the

sorting quality.

On the other hand, the global summary plots as well as

dependence plots indicate that features with higher values

would push the model’s prediction towards an anomaly.

That means, if the nozzles are activated more often than

anticipated during the designated statistic interval, then

that would lead to an anomalous situation (throughput

error). One possible scenario could be the following: If the

throughput increases, more objects fall on to the conveyor

belt. In that case, the objects overlap on one anothermaking

it difficult for sorting. Nozzles activate more frequently as a

result, which lowers the sorting quality.

It is believed that these kind of local and global expla-

nations from XAI explainers support the operator to under-

stand the behavior of the sorting mechanism and, on the
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other hand, help the analysts to improve their anomaly

detection models for sorting applications. Further, with the

use of XAI explanations, the operator can also detect these

anomalies or abnormal behaviors in advance and prevent

sorting machines from getting damaged.

5 Conclusions and future work

In this work, we gave a brief introduction on sensor-based

sorting systems, the used demonstrator with an autoen-

coder as foundation for anomaly detection, and XAI meth-

ods and their application to the given sorting problem.

Three XAI Methods (KernelSHAP, DeepSHAP, and LIME)

have been adapted and implemented for explaining the

anomalies detected by an autoencoder. The results illustrate

the influence of each feature (nozzles in this use case) on the

model’s decision. This helps the operator to understand the

behavior of the sortingmechanismanddetect the anomalies

in advance to prevent damages and defects. Further, the

analysts could improve the performance of their anomaly

detectionmodels. As a result, XAI explanations give insights

into the autoencoder’s reasonings by making the whole sys-

tem more transparent.

However, it is to be noted that while XAI methods offer

a level of transparency and interpretability, the explana-

tions provided by these models may not always be accu-

rate or complete. Different XAI methods can provide differ-

ent explanations for the same instance, which can make it

challenging for human experts to select the appropriate

explanation. Therefore, it’s important to evaluate the expla-

nations provided by XAI methods using both computational

methods [4] and human-subject studies [9] to ensure their

accuracy and completeness. Future work in this field will

aim to improve the evaluation of XAI explanations to ensure

their usefulness and credibility.
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